Here, we present a range of interactions, which we term "cryptic interactions." These are interactions that occur throughout the marine planktonic foodweb but are currently largely overlooked by established methods, which mean large-scale data collection for these interactions is limited. Despite this, current evidence suggests some of these interactions may have perceptible impacts on foodweb dynamics and model results. Incorporation of cryptic interactions into models is especially important for those interactions involving the transport of nutrients or energy. Our aim is to highlight a range of cryptic interactions across the plankton foodweb, where they exist, and models that have taken steps to incorporate these interactions. Additionally, it is discussed where additional research and effort is required to continue advancing our understanding of these cryptic interactions. We call for more collaboration between ecologists and modelers in order to incorporate cryptic interactions into biogeochemical and foodweb models.
CURRENT EVIDENCE
Hidden in plain sight: The importance of cryptic interactions in marine plankton
The term cryptic, meaning hidden or obscured, has been used in aquatic ecology to describe both species and processes. Cryptic species are morphologically indistinct organisms that may be classified as the same species, despite their inability to successfully reproduce with each other (Bickford et al. 2007 ). Cryptic processes have been previously defined as "overlooked" processes (Canfield et al. 2010 ). Failing to account for these cryptic species and processes can have a large effect on our capacity to properly understand the environment. Here, we further explore crypsis in marine plankton in the form of cryptic interactions.
Similar to the definition for cryptic microbial metabolites used by Durham et al. (2015) , herein we define cryptic interactions as interactions that are not detected by traditional or standard sampling and experimental methods. The transfer of energy or materials by cryptic interactions in most models is either falsely attributed to traditional interactions or ignored altogether. Planktonic interactions occur at the base of the foodweb, and thus a misrepresentation of how energy and materials enter and are transferred at this level can have implications for our understanding of biogeochemical cycling and transfer of materials throughout the entire foodweb (Worden et al. 2015; Ward and Follows 2016) .
We present known species-species and species-substrate interactions within the plankton community that fit into this definition of cryptic interactions and discuss the impact these interactions have on the flow of nutrients or energy. We focus on cryptic interactions in the planktonic community because the microscopic size of these organisms makes it difficult to directly observe them interacting with each other and with their surrounding environment. As a result, scientists have regularly developed methods to indirectly infer planktonic interactions, such as prey removal experiments (Frost 1972) , the dilution method (Landry and Hassett 1982) , and using geochemical profiles to measure the presence or absence of products and reactants (Jørgensen 1977) . These types of methods require scientists to make a range of assumptions about the interactions being measured. Cryptic interactions arise when these assumptions are violated and/ or flawed or the methods obscure potentially vital processes.
Here, we discuss five clear examples of cryptic planktonic interactions that represent a range of exchanges at all levels of the planktonic foodweb. In this review, we consider how accounting for these interactions alters our current understanding of biogeochemical cycles and foodweb dynamics in pelagic marine environments, provide recent examples of foodweb and biogeochemical models that have incorporated some of the interactions we discuss, and examine how to bridge the gap between the data collected on these interactions and what data is needed to incorporate them into models.
Cryptic interactions
Below, we describe five examples of cryptic interactions in the foodweb affecting a variety of plankton, from bacteria to mesozooplankton. These specific interactions were selected because they represent the range of potential interactions that fit our definition of cryptic in different parts of the plankton foodweb; however, they do not represent all the possible types of cryptic interactions. We discuss what makes each example a cryptic interaction, how we can measure the interaction, how prominent the interaction is in ecosystems, and how the interaction alters our current understanding of biogeochemical cycling.
Intracellular carbon partitioning
Oceanic phytoplankton are the main contributors to global primary production and form the base of most marine foodwebs (Field et al. 1998 ). Primary productivity is typically measured as rates of total carbon (C) fixation, commonly by using dissolved inorganic carbon (DIC) tracers enriched in 14 C-(radioactive) or 13 C-(stable) isotopes (Cullen 2001) .
Measurements of total C fixation are a great tool to determine system productivity but they lack information about the intracellular fate of fixed C. External factors, such as the availability of light and nutrients, regulate the internal synthesis of macromolecules (e.g., carbohydrates, amino acids, fatty acids, and nucleic acids) as they differ in their C, N, and P requirements (Arrigo et al. 1999) . The interaction between resource availability and intracellular carbon pool partitioning determines phytoplankton growth efficiency, modulates cellular C : N : P ratios, and ultimately regulates the nutritional quality of phytoplankton biomass ( Fig. 1 ; Klausmeier et al. 2004 ). Measurements of total C fixation alone fail to account for this internal interaction, thus making it cryptic.
Historically, determining in situ changes of specific compounds has been difficult. Recent technological advances, especially in liquid chromatography-isotopic ratio mass spectrometry (LC-IRMS), have made it possible to obtain specific isotope information of a wide range of compounds directly from complex mixtures. 13 C-DIC tracer can now be used to follow photosynthetically fixed C into all major biomolecules, which allows scientists to create a cellular C budget on the level of the total macromolecule pool (e.g., total carbohydrates) or on a more detailed individual compound level within that pool (e.g., glucose, fructose, galactose, etc.; Grosse et al. 2017 and references therein) . The latter also provides detailed information on changes in essential compounds for higher trophic levels, such as specific amino and fatty acids.
Intracellular carbon partitioning is ubiquitous to all phototrophic organisms. Studies have shown that the sum of C fixation into carbohydrates, amino acids, and fatty acids is comparable to bulk C fixation rates (Su arez and Marañ on 2003; Grosse et al. 2017) . It was shown that synthesis of different compounds is affected by nutrient availability and can change significantly over short time spans (< 24 h), while bulk C fixation rates take longer to respond to changes in nutrient concentrations (Grosse et al. 2017) . So far, available datasets cover a small subset of global phytoplankton communities and ecosystems but have already shown that the response in biomolecule composition to changing environmental factors varies between different groups of phytoplankton (e.g., diatoms, dinoflagellates, green algae). It is therefore necessary to survey additional ecosystems (e.g., tropical or polar, oligotrophic or eutrophic) and conduct complementary laboratory studies with individual phytoplankton species to globally quantify responses in biomolecule specific C fluxes under changing abiotic conditions. Understanding how the environment controls intracellular partitioning of photosynthetically fixed C and its subsequent movement through the foodweb has the potential to provide the basis for explaining ecosystem level differences in C : N : P ratios, food-chain lengths and trophic transfer efficiencies ( Fig. 1 ). For example, in nutrient enriched marine areas such as upwelling regions, trophic transfer efficiencies and the availability of N and P are higher (Stibor and Sommer 2009) and therefore phytoplankton biomass should contain high amounts of essential amino acids and fatty acids. In contrast, in N-limited oligotrophic regions, biomass will contain less amino acids but more storage compounds, providing limited essential amino acids and fatty acids per unit biomass that may cause the low trophic transfer efficiencies encountered in these areas (Stibor and Sommer 2009 ). Measuring only bulk primary production can cause an overestimation of C-fluxes up the food web. For example, to compensate for low food quality (e.g., high C : P ratios) zooplankton consumes large amounts of phytoplankton biomass but consequently excrete large amounts of this excess C as DOC. This does not just decrease food chain efficiency but also fuels microbial loop processes and redirects C fluxes (DeMott et al. 1998) . By understanding how environmental factors, intracellular processes and foodweb constituents are linked, C fluxes, and budgets can be modeled more accurately.
Redox-related cross-feeding
Traditionally, redox processes mediated by microbes in the ocean were revealed simply by the detection of the presence or absence of reactants and products across a redox gradient. For example, the absence of sulfate and appearance of sulfide in a bulk water sample would indicate biological sulfate reduction. However, beginning in the 1970s, evidence suggested that the use of geochemical tracers of these processes revealed an incomplete story; the product of sulfate reduction, sulfide, could be rapidly re-oxidized by sulfideoxidizing bacteria in anaerobic sediments, masking the detection of both sulfate reduction and sulfide oxidation (Jørgensen 1977) . For years, this process was also hypothesized to occur in the water column (Hastings and Emerson 1988) , but remained undetectable. and carbohydrates [CH] have different C : N : P requirements) and affect phytoplankton biomass and community composition. The biochemical composition of phytoplankton determines its food quality for zooplankton, which translates up the food chain and affects trophic transfer efficiency and ultimately the carrying capacity of an ecosystem. Blue indicates fluxes and populations that are affected by considering this process.
By pairing metagenomics with classical geochemical rate measurements, Canfield et al. (2010) showed that "cryptic" sulfur cycling can occur in the marine water column in habitats where oxygen is depleted (i.e., oxygen minimum zones) and where there is no detectable sulfide (Fig. 2 ). Despite its hidden nature, this biogeochemical process is likely of great importance; sulfide is toxic to most higher organisms and therefore its oxidation is critical for detoxification. Furthermore, the clades of bacteria involved in cryptic sulfur cycling are found worldwide in oxygen-depleted ocean habitats (Wright et al. 2012 ), suggesting that this interaction is potentially globally important. Despite its potential global presence, the magnitude of cryptic sulfur cycling is virtually unknown. It is not detectable by classic isotopic tracer methods (Johnston et al. 2014) , and the direct production of sulfide by sulfate reduction has been measured in only a few discrete studies in the water column (Albert et al. 1995; Canfield et al. 2010) . Moreover, Canfield and authors linked the oxidation of sulfide with nitrate respiration. The potential importance of sulfur-linked denitrification is a caveat to the classical model of how nitrogen is lost from the marine environment, and offsets the direct link between organic matter supply and denitrification for some regions of the ocean (Ward 2013) . Currently, the quantitative importance of cryptic sulfur cycling for nitrogen loss from the oceans is unknown.
Besides sulfur, other chemical species have been shown to be cryptically cycled in redox gradients. For example, in Aarhus Bay, Denmark, a cryptic sulfur cycle was linked to methane oxidation (Holmkvist et al. 2011) . In a meromictic lake, microbial iron oxidizers and reducers were found concomitant with high rates of iron oxidation but no detectable iron oxides, suggesting rapid reduction ).
Evidence of carbon substrate sharing between fermenters and denitrifiers was shown in a mixed culture from marine sediments (Hanke et al. 2016) . Also in marine sediments, recycling of nitrite contributed to higher-than-expected rates of sulfide oxidation (Rios-Del Toro and Cervantes 2016). These studies highlight the importance of cryptic microbial exchanges in aquatic redox gradients, regions that are important for global scale biogeochemical turnover of nitrogen and sulfur. In addition, the electron donor/acceptor that a microbe uses dramatically alters how much carbon it can fix or remineralize, and thus cryptic exchanges of redox-related species can change microbial carbon biomass estimates (Reed et al. 2014) . The complex mechanisms of these interactions will be further revealed as molecular and geochemical tools are improved and future studies jointly apply these tools to better understand these important habitats.
Auxotrophy
In the marine environment, auxotrophy, the requirement by an organism for a specific biomolecule that it cannot synthesize, has been most extensively studied in the context of phytoplankton vitamin auxotrophy which was identified in the 1950s (Droop 1957; reviewed by Croft et al. 2006 ). However, it may be a more common strategy than has been currently documented. Auxotrophy is thought to be beneficial to an organism because they can gain fitness by obtaining a molecule from the environment and not having to synthesize it themselves. This concept of gaining fitness by exploiting a resource that is produced by another group of organisms in the environment is known as the "Black Queen Hypothesis" (Morris et al. 2012 ). Auxotrophy can arise as a result of genome streamlining, a process in which cell size and genomic content are reduced to minimize the resources Fig. 2 . In the current understanding of the microbial foodweb (left panel), energy flows from inorganic compounds (e.g., nutrients, CO 2 ) to autotrophs (such as phytoplankton), then enters the microbial loop, in which phytoplankton cells are grazed by protistan grazers or become part of the organic matter pool, either through lysis or enzymatic mineralization. This organic matter can support bacterial production. Microbial biomass can also be grazed by protistan bacterivores. With the incorporation of cryptic interactions (right panel), complexity is added due to the release and recycling of compounds within the bacterial community itself, which may increase rates of particular biogeochemical cycles such as sulfur oxidation or nitrogen reduction. This will have mixed results on biomass pools, depending on which reactions are taking place and their stoichiometric relationship to carbon fixation (chemoautotrophy) and remineralization. Purple indicates fluxes and populations that are affected by considering this process. required for cell replication (reviewed by Giovannoni et al. 2014) . In some cases, genome streamlining can reach such extremes that the organism can no longer function without direct physical attachment to organism that provides the required substrates, resulting in a symbiotic relationship (e.g., Tripp et al. 2010; Thompson et al. 2012) .
The most well-known case of auxotrophy in the ocean is that of phytoplankton who cannot synthesize all of the vitamins, such as cobalamin, thiamin, and biotin that they require and thus must obtain them from other microbes. Croft et al. (2006) compiled information on vitamin auxotrophy for 306 species of algae and found that around 50% required cobalamin, 22% thiamin, and 5% biotin. While the prevalence of auxotrophy in marine bacteria has been less extensively documented, the heterotrophic marine bacterium Candidatus Pelagibacter ubique (member of the SAR11 clade), lacks a complete biosynthetic pathway for the vitamin thiamin, but can transport a precursor-molecule for thiamin into the cell to complete the synthetic pathway (Carini et al. 2014 ). In addition, this organism has been demonstrated to be effectively auxotrophic for glycine and serine, with glycine also playing role in regulating primary carbon metabolism in the cell (Tripp et al. 2009 ). In a survey of bacterial genomes (from any environment) only 1% of the genomes examined had the synthetic pathways for all 20 essential amino acids (Mee and Wang 2012) .
While there are relatively few experimentally confirmed examples of free-living auxotrophic organisms in the marine environment, there may be more cases of auxotrophy in marine microbes because a substantial portion of microbial diversity in the ocean has not been extensively studied (Rusch et al. 2007; Sunagawa et al. 2015) . For example, in a metagenomic survey around half of the bacterial species detected (by ribotype) were considered novel (Rusch et al. 2007 ). In addition, organisms with specific requirements are much more challenging to culture and thus most of the microbes that have been studied experimentally in culture have not been auxotrophs (Pande and Kost 2017) . Analysis of microbial genome databases suggests that 85% of freeliving bacteria may be auxotrophic for at least one compound (D'Souza et al. 2014) . This suggests that auxotrophy in marine microbes may be more common than currently documented.
These types of interactions are challenging to identify but they may be crucial to the structuring of microbial communities in the ocean and other environments ( Fig. 3 ). Studies on auxotrophy indicate that metabolic dependencies such as the passive exchange of certain amino acids, particularly those that are synthetically costly, can have a stabilizing effect on microbial communities (Mee et al. 2014 ) and that stronger metabolic dependencies yield more cooperative microbial communities that increase cell growth (Estrela and Brown 2013) . These findings suggest that metabolite exchange, as required by auxotrophic microbes, could result in an overall more productive community. For example, increased availability of a vitamin such as Vitamin B 12 can result in a shift in community composition away from diatoms and toward nanoflagellates and dinoflagellates that could result in differences in carbon export (Koch et al. 2011) . Characterizing the extent that auxotrophy occurs in the ocean and quantifying its impact on microbial community structure, primary productivity, and remineralization is essential to understanding its role in biogeochemical cycles (Fig. 3) .
Predator-prey interactions over ontogeny
Changes in prey selection and feeding strategies associated with growth and development in a species can be difficult to identify. The inability to study predatory diets over more than one period of an organism's life have limited our ability to understand the impact of key predators on carbon protists. Factors such as light, temperature, and nutrient availability control phytoplankton productivity and thus total organic matter availability for heterotrophic communities. When auxotrophy is considered (right) the flux of organic matter between organisms is more complex, with the availability of specific molecules potentially impacting the abundance of organisms that rely on those molecules. Orange indicates fluxes and populations that are affected by considering this process.
transfer in the planktonic foodweb. Most aquatic organisms that increase in size over their developmental period experience changes in diet as a result of changes in feeding appendages and body size (Werner and Gilliam 1984; Hansen et al. 1994) . In cases such as in pelagic copepods, ontogenetic diet changes can be drastic, exhibiting variations in optimum prey size by up to an order of magnitude (Frost 1972; Hansen et al. 1994) or differences in the types of prey cleared at maximum rates (Saiz et al. 2014 ). Most of the following discussion of ontogenetic changes in predator-prey interactions will use examples from the copepod literature; however, ontogenetic shifts in these interactions are common across many holo-and meroplanktonic organisms.
A single species can play very different roles in the foodweb throughout its life history, but the implications of these changes on broader biogeochemical cycles are often overlooked. For example, some predatory adult copepod species (e.g., Acartia and Labidocera) spend time in their earlier life stages as grazers of phytoplankton and later switch to zooplankton (Neill and Peacock 1980; Conley and Turner 1985) . Recent studies suggest that seasonal or prey size-based changes in copepod diets can result in differing quantity and quality of excreted compounds, and as a result can generate shifts in the active bacterial community (Vald es et al. 2017 ), which has the potential to change the plankton assemblage from the bottom up. Figure 4 illustrates the general concept behind different foodweb connections between developmental stages and species ("Adult A," "Nauplius A," and "Nauplius B") and how alternate prey communities can be affected ("Prey 1," "Prey 2," or "Prey 3") when differences across development or species are considered. However, challenges in identification of early life stages can make it difficult to discern the prey of individual species and how their prey selection evolves over development. As a result, it is often assumed that morphologically similar nauplii consume the same prey ( Fig. 4) , but nauplii can exhibit species-specific selective feeding behavior and can impact prey communities differently (Jungbluth et al. 2017) . Modeling efforts that include key species level interactions in aquatic environments result in a better fit to observed ecosystem dynamics (Boit et al. 2012) ; therefore it is important to work toward a better understanding of ontogenetic changes in predator-prey interactions and their impacts on biogeochemical cycles. For species in diverse and complex ecosystems, the prevalence and implications of ontogenetic changes in predator-prey interactions are even more poorly understood due primarily to limitations in experimental methods to study them.
Common methods for studying planktonic foodweb interactions include artificially enhancing consumer (usually mesozooplankton) abundance in bottle or mesocosm incubations (Båmstedt et al. 2000) , or use of dilution experiments to study microzooplankton grazing rates (Landry and Hassett 1982) . These studies take a subtractive approach, measuring the change in prey between initial and final time points, but can be flawed due to bottle effects (Roman and Rublee 1980) . Within these studies, different methods to quantify the amount of each prey type or species being consumed have been developed. Commonly used methods include using flow cytometry for identification of different types of autotrophic prey (Cucci et al. 1989) , imaging for identification of body shapes (Sieracki et al. 1998 ), using a Coulter Counter for particle sizing and counting (Roman and Rublee 1980) , measuring gut fluorescence for studies of autotrophic prey (Mackas and Bohrer 1976) , and applying various DNAbased methods (e.g., Nejstgaard et al. 2008; Craig et al. 2014) . Despite the availability of a range of techniques for studying foodweb interactions, major challenges remain that include accurate measurement of species-level differences in ingestion and remineralization rates over development with natural food resources, and the integration of traditional methods with newer technologies. Fig. 4 . Copepod grazing studies that ignore ontogenetic differences in feeding between nauplii and adults of the same species assume that they consume the same prey, and that adults consume a greater amount of food than nauplii given their larger body size. In reality, some species switch from omnivory to carnivory over development, and nauplii can have a higher specific ingestion rate than adults. In addition, lumping nauplii of different species into a single group for grazing studies assumes they are all consuming similar items at the same rate. Even in the nauplliar stages, feeding can differ across species in important ways. Green indicates fluxes and populations that are affected by considering this process.
Mixotrophy
Aquatic protists are often categorized as either strict heterotrophs or autotrophs, despite increasing evidence that mixotrophs are the default and strict heterotrophs/autotrophs are the exception (Flynn et al. 2013) . Mixotrophs are protists that use both phototrophy and phagotrophy to obtain energy and increase their biomass (Stoecker 1998) . A majority of protist groups, with the exception of diatoms, express some level of mixotrophy between a gradient of strict heterotrophy and strict autotrophy, with most being primarily a phagotroph or a phototroph that supplements their growth with alternative energy sources (Flynn et al. 2013) .
Grazing in the protist community is typically estimated indirectly through prey removal experiments (Frost 1972) or the dilution method (Landry and Hassett 1982) . Grazers in these types of experiments are identified by their lack of chloroplasts, while mixotrophs have to be identified as protists that contain both chloroplasts and prey (Sanders and Gast 2012) . Therefore, grazing by mixotrophs has to be measured directly through the uptake of fluorescently labeled bacteria (Sherr and Sherr 1993) , fluorescently labeled algae (Rublee and Gallegos 1989) , or fluorescent microspheres (Steinkamp et al. 1982) . Thus, unless a study is specifically focused on quantifying grazing or ingestion rates by mixotrophs, all grazing rates measured by standard methods are usually attributed to pigmentless protists (strict heterotrophs). The miscategorization of mixotrophs as strict autotrophs or heterotrophs has major implications for the way the flow of carbon and nutrients through the planktonic foodweb is understood (Fig. 5 ). Mixotrophs can increase trophic transfer efficiency by offsetting some of the carbon lost to respiration in secondary and tertiary plankton producers with carbon from photosynthesis (Ward and Follows 2016) .
Of the cryptic interactions presented here, mixotrophy is the most researched. Mixotrophy has been studied for decades (Stoecker 1998) , modeled in a variety of ways (Stickney et al. 2000; Flynn and Mitra 2009; Ward et al. 2011) , and incorporated into recent foodweb models (D'Alelio et al. 2016; Ward and Follows 2016) . However, while mixotrophs have been included in recent foodweb models, a majority of new models do not account for it and the ecological data required to accurately model this interaction and ground truth the results are scarce. Currently, a generalized understanding of the relative occurrence of mixotrophs compared to strict autotrophs and heterotrophs is unknown because most studies of mixotrophy focus on the grazing impact of a particular species or groups of protists (Seong et al. 2006 ). This approach only provides an estimation of the impact of mixotrophy during blooms of particular species.
A few studies conducted in a small range of specific environments have determined the grazing impact that mixotrophs can have on the consumption of bacteria compared to strict heterotrophs. These studies have shown that the consumption of bacteria by mixotrophs can be less than (Sanders et al. 1989 ), equal to (Unrein et al. 2007 ), or even more than heterotrophs (Domaizon et al. 2003) , depending upon the time of year and study location. However, in order to improve recently developed foodweb models that account for mixotrohps, more data on variability of and grazing impact of mixotrophic assemblages in the environment is needed.
The cryptic interactions discussed here are embedded in the interactions between existing nodes of the marine foodweb. In Fig. 6 , foodweb linkages are highlighted that are modulated by cryptic drivers, affecting ecological and biogeochemical interactions at different trophic levels. It will therefore be crucial to use sufficiently detailed models, similar to the Ecopath approach (http://www.ecopath.org) used in D' Alelio et al. (2016) , to update the classical view of Fig. 5 . Mixotrophy creates smooth transitions between using organic or inorganic C pools depending on environmental conditions, blurring the lines between producers and consumers (Worden et al. 2015) . The simplified view that organisms with chloroplasts are only capable of photosynthesis and vice versa needs to be revised in order to do this metabolic plasticity justice. An additional functional group of plankton, one that is capable of phototrophy and phagotrophy, needs to be established to reduce the current underestimation of biomass and energy transfer to higher trophic levels (Ward and Follows, 2016) . Red indicates fluxes and populations that are affected by considering this process.
aquatic foodwebs to include more complex interactions, which is a necessary challenge in order to properly advance our understanding of the transfer of materials and energy through the foodweb.
Methodological advancements reveal cryptic interactions
Understanding energy transfer and elemental cycling in the ocean is among the primary research objectives of oceanographers. However, elucidating microbial interactions that affect the biogeochemical state of the ocean still presents a challenge. Pool size estimates of nutrients, organic compounds, or dissolved gases, for example, have been quantified in many ecosystems alongside fluxes for a variety of chemical compounds. However, there are many chemical compounds, interactions, and fluxes for cryptic interactions that are only measured in selected habitats or snapshots in time (e.g., Unrein et al. 2007; Grosse et al. 2017; Jungbluth et al. 2017) . It can be challenging to apply findings from these studies to dissimilar systems, especially if underlying processes and fluxes are difficult to determine. Despite the vastness of the ocean and the expense of ship-time, field campaigns are the primary means of obtaining samples. This is an issue for cryptic interactions among the plankton, which occur on small spatial scales (nm to mm, individual cells to microscopic organism level) or over very short time spans, making the detection of intermediates challenging or impossible. Several key methodological advancements have been made to close gaps in spatial and temporal resolution, identify key-players and interactions between individuals, and measure rates in order to determine fluxes.
In situ platforms such as autonomous underwater vehicles, gliders, Argo floats (Argo Steering Team, 1998), and equipment installations on commercial vessels have had a revolutionizing effect on oceanographic data collection. These tools allow for the monitoring of many physical, chemical, and biological parameters in higher resolution across broader spatial and finer temporal scales and are able to reach places that were previously difficult to access. At the same time, these tools decrease ship-operating costs and provide higher sample frequency and/or resolution that can be made available almost in real-time. Many in situ, sometimes autonomous platforms, have been developed to incorporate genetic and transcriptomic samplers (review see McQuillan and Robidart 2017) or other sensors to measure microbial diversity and activity in situ with higher resolution than more commonly used ship-based sampling (Pachiadaki et al. 2016) . In particular, the high resolution of biogeochemical and genetic data obtained through in situ sampling and incubation methods can reveal the presence of cryptic interactions and their seasonality, infer their global distribution, and provide a view of cryptic interactions in the ocean that has not been possible previously.
Genetic and transcriptomic methods have evolved to a point where they have revolutionized our ability to better understand key players in community-level and individual interactions (Shilova et al. 2016) , as well as the physiological responses of organisms to stressors (e.g., Todgham and Hofmann 2009, Roncalli et al. 2016) . Through methods applying DNA sequencing to predator gut contents, progress has been and molecular pools that are impacted by the five cryptic interactions discussed (red: mixotrophy; green: ontogenetic and species differences; purple: microbial cross-feeding; orange: auxotrophy; blue: cellular carbon partitioning). In fact, these interactions may have synergistic effects as the regions of the foodweb that they impact overlap. For example, cellular carbon partition in phytoplankton may affect both downstream pools of organic matter utilized in microbial cross-feeding and exchanged in cases of auxotrophy, as well as prey selection based on ontogenetic and species differences.
made describing the breadth of prey taxa that can be consumed by species (Craig et al. 2014 ) and identifying unique prey items such as gelatinous zooplankton in the guts of adult calanoid copepods (e.g., Ho et al. 2017) . Quantitative estimates of grazing and digestion rates of adult copepods on nauplii or algal prey items using species-specific DNA amplification of gut content has also allowed for a greater understanding of prey preference by different species (Durbin et al 2008; Nejstgaard et al. 2008 ). Next-generation sequencing enables identification of novel organisms and pathways that were previously unknown (DeVargas et al. 2015; Jungbluth et al. 2016) , particularly in the microbial world where culturing and microscopy were historically the only methods to identify species. Now, researchers regularly identify and study cryptic interactions based purely on comparisons of genetic information, however more work is needed to enable use of DNA to rapidly and quantitatively estimate specific interactions in different species and life stages.
Making observations across the scales involved in microbial interactions is challenging because some processes are too rapid to leave evidence of intermediate molecules, even though they may have large implications on the C turnover of an ecosystem (see "Redox-Related Cross-Feeding" section). Microbial interactions take place on nano-or micrometer spatial and temporal scales and thus can be observed using microsensors as tools to determine chemical micro-gradients. However, to elucidate bacterial metabolism, additional methods are required. Method advancements in determining stable isotope labeling of individual compounds as well as nano-SIMS techniques make it now possible to identifying specific compounds utilized by bacteria and plankton, visualize their distribution within the cells and quantify the incorporation of specific molecules into cells (see "Intracellular carbon partitioning" section; Vasquez-Cardenas et al. 2015) . Furthermore, advances in high resolution mass spectrometry are allowing us to identify and quantify at the molecular level the low-abundance, rapidly cycling metabolites that underlie microbial interactions such as auxotrophy (e.g., Sañudo-Wilhelmy et al. 2012; Durham et al. 2015 ; reviewed Kujawinski 2011) (see "Auxotrophy" section).
Although advancements in methodology have helped expose cryptic interactions, each area comes with its own challenge. For example, the high resolution of autonomous platforms and molecular methods provide massive amounts of data, which need to be stored, validated, analyzed, and interpreted (Marx 2013; Chen and Zhang 2014). The cost of obtaining DNA sequences has decreased substantially over the years, while other challenges with genetic and transcriptomic methods remain to be overcome. For example, metabarcoding for quantitative estimates of species abundance or biomass for metazoans is still not optimized (Bucklin et al. 2016 ). An additional challenge with genetic and transcriptomic methods is that they all require baseline databases and vetting for comparison, and while there are major efforts such as the Barcode of Life and the Census of Marine Life projects, and databases like NCBI and EMBL-EBI databases that are aimed at building these resources, consistent and reliable curation of these resources continues to be a challenge. Finally, microbiologists who utilize high-throughput sequencing methods to describe new life or new biogeochemical processes now need the more traditional field and bench skills to process samples and are often expected to develop computer programming skills to deal with "big data," or have access to a willing computational collaborator.
Furthermore, newly developed methods may take years to be established as routine or necessary. Recently discovered processes are accompanied by sparse field observations, meaning that the natural distribution of many cryptic interactions can remain poorly documented. Investigating cryptic interactions without in situ samplers is labor intensive and the expense of gear such as in situ sampling equipment can further limit the number of studies using advanced methods that would help elucidate cryptic processes. However, it is crucial that scientists ensure, whenever it is appropriate, that they are accounting for and collecting data on cryptic interactions in future studies in order to properly understand the important processes occurring in a system.
Examples of cryptic interactions in recent models
Novel technologies have allowed us to gain more information about cryptic interactions, but incorporating these interactions into our understanding of global processes is a separate effort. We believe that the specific cryptic interactions discussed in this review can be fundamental to the underlying mechanisms of many ecosystems and are critical to both simplified theoretical models, biogeochemical models, and computational foodweb models (Fig. 6) . Some of the cryptic interactions we examined have been incorporated into models (discussed below) that provide examples of how certain cryptic interactions can be modeled and their effect of the transfer of materials. Additionally, we consider how some of these models might be improved by accounting for additional cryptic interactions.
There are numerous examples of mixotrophs being modeled. Stickney et al. (2000) expanded on the basic nutrientphytoplankton-zooplankton-detritus model to include a node for mixotrophy. Flynn and Mitra (2009) created a complex mechanistic model that described how mixotrophs interacted with carbon, nitrogen, and phosphorus. Ward et al. (2011) developed an idealized model that modeled the physiology of different plankton to determine which environmental conditions favored mixotrophs. D' Alelio et al. (2016) produced a mass balance model that computed biomass flow between 63 functional nodes, ten of which were mixotrophic groups or species. Ward and Follows (2016) designed a simplified global model of the plankton foodweb that removed phytoplankton and zooplankton, modelling plankton as mixotrophs on a spectrum between strict autotrophy and heterotrophy. However, the models by Stickney, Flynn and Mitra, and Ward are examples of modelling mixotrophs rather than incorporating mixotrophs into complex foodweb models. The Ward and Follows model provides an estimation of the role mixotrophs have in the transfer of carbon, but it is theoretical and still needs to be validated with field observations. The D'Alelio model incorporates mixotrophs, uses some real data, and accounts for the different trophic strategies mixotrophs may have under different conditions. Nevertheless, we propose the D'Alelio model could be improved by another cryptic interaction: intracellular carbon partitioning (see "Intracellular Carbon Partitioning" section).
Resource-dependent intracellular carbon partitioning can have a potentially large effect on the amount of new carbon entering the foodweb through primary production. In a mass-balanced model like D'Alelio's, the input of carbon biomass (primary production) has to be balanced by the loss of carbon (respiration, grazing, excretion) (D'Alelio et al. 2016) . However recent research has shown that the amount of carbon that is produced by primary production and available to be assimilated by grazers is less than bulk estimates currently used in models when intracellular carbon partitioning is measured (Klausmeier et al. 2004; Grosse et al. 2017) . The error associated with overestimating the amount of carbon that is put into a mass-balance model will cascade throughout each functional node and distort the mass balance. For example, with the model, D'Alelio compares two different ecosystem states, bloom, and nonbloom. It is likely that the environmental conditions associated with the different states were different, which would affect the allocation of carbon within autotrophs between the two states (Grosse et al. 2017) . In one possible scenario, if phosphate is limiting, then grazers would be feeding on high C : P autotrophs and need to increase respiration to get rid of excess carbon. Thus, decreasing the amount of carbon biomass transferred to higher trophic levels in the model (DeMott et al. 1998) . Reed et al. (2014) developed a model that takes steps to bridge the gap between geochemistry and metagenomics data. Currently, most biogeochemical models simulate fluctuations in the biomass of organismal functional groups, defined by their metabolisms. However, Reed et al. (2014) grouped organisms together based on their functional genes and used relative functional gene abundance rather than biomass. This approach exposed the close coupling between nitrate reduction and sulfur cycling and revealed those parameters that were tightly controlling the activities of different microorganisms (mainly half-saturation constants). Metagenomics has revealed a higher amount of species and functional diversity than what is typically accounted for in models. Incorporating more of the pathways revealed by metagenomics can create more complex biogeochemical models with high predictive capability (Reed et al. 2014) . Additionally, this approach to modeling can be used to examine how certain never-before-modeled cryptic interactions, such as sulfur cycling, can alter biogeochemical dynamics.
However, the ability to model additional cryptic interactions is limited by data gathered through laboratory studies and environmental observations (Reed et al. 2014) . Through metagenomics, we are discovering new metabolic pathways for which we do not know the reaction stoichiometry or, alternatively, we know a metabolic pathway but not the associated genes. This means there are likely more cryptic interactions similar to sulfur cycling, but more environmental data and laboratory studies are needed before they can be incorporated into a functional gene model.
The cryptic interactions presented in this paper, along with numerous other interactions not mentioned, are important to ecosystem dynamics and deserve a broader incorporation into modeling efforts. The models discussed here provide examples of how some cryptic interactions have been modeled, but they are just starting points. These recent attempts to include cryptic interactions in models are encouraging, but are still the exception to most models, so we urge these efforts to continue.
Future research needs
The importance of each cryptic interaction discussed in this paper is generally established, however, the quantitative relationship of these processes to carbon, nitrogen, or phosphorus biomass pools has not been described in a comprehensive enough manner. Even when they are recognized to be important, it is difficult to incorporate cryptic interactions into models without appropriate data. Microbial ecologists are often quantitative in their description of communities but rarely make parallel rate measurements, which are the real requirements of foodweb models. Furthermore, field measurements of biomass pools and rate processes are not always made under variable environmental conditions or across geochemical gradients so that these measurements may be used in various states of complex models. Even when rate measurements are made, there are doubts about the methods to make these measurements. Bottle effects or the inability to mimic in situ conditions can confound measurements made in incubations . Recent improvements in collection of these data should continue and dialogue between ecologists and modelers should motivate experimental design by outlining the needs of each party (Flynn 2005) .
Generally, the biomass and flow rates of energy between biomass components are the fundamental parameters necessary for an ecosystem model (Table 1) . Field measurements must be made using the same units as the model. While this may seem obvious, ecologists tend to measure parameters such as relative abundances of organisms, chlorophyll a (Chl a), or cell concentrations. These parameters are meaningful for ecological understanding but models generally require total carbon, nitrogen, or phosphorus units (Flynn 2005) . Carbon : cell or carbon : Chl a ratios vary widely depending on species and environmental conditions and are therefore not easily incorporated into models (Sathyendranath et al. 2009 ). As a result, incorrect or broad assumptions tend to be made in order to estimate carbon content from cell counts. Additionally, while ecologists recognize ecological complexity, most field studies do not include sufficient biogeochemical measurements of all important limiting or co-limiting nutrients that affect the dynamics of the organisms being studied (Flynn 2005) . Suggestions for data collection and technical approaches for all of the cryptic interactions discussed here are listed in Table 1 .
Metagenomics (or other "omics") data are increasingly being incorporated into models (e.g., Reed et al. 2014; Coles et al. 2017 ) because they supply rich datasets for the building of model frameworks or testing of geochemical and community assembly hypotheses. However, one drawback is that gene marker abundances from metagenomics can only be reported as relative abundances. Thus, paired measurements such as absolute gene abundance by quantitative PCR or turnover rate measurements of targeted geochemical pools are necessary for incorporation into models. Furthermore, functional gene markers incorporated into models can only be those associated with well-defined processes, leaving many abundant genes of poorly defined function out of the model (Reed et al. 2014) .
With sufficient data, models can also be used to determine the importance of incorporating a complex interaction to the overall model performance. For example, the cryptic exchanges of molecules between microbes have been described for sulfur cycling and its importance to the eastern tropical oxygen minimum zones is known (Canfield et al. 2010) . Preliminary attempts at modeling this process in the Arabian Sea show that it is sensitive to nitrate concentrations and, when active, significantly reduces total microbial biomass with no significant changes in geochemical profiles (Reed et al. 2014 ). Thus, with sufficient data on stoichiometric parameters and metabolic potential, models can be used to establish the sensitivity of ocean characteristics to cryptic interactions. In addition, iterative quality-control processes help determine those interactions that are essential to the overall skill of the model and identify which relationships are most important (Van Nes and Scheffer 2005) . Ultimately, the quality of the data and level of complexity that goes Table 1 . A list of data we currently have for each cryptic interaction discussed in this paper and a list of data we need in order to incorporate these interactions into models.
Interaction
Data we have Data we need Approaches Redox-related cross-feeding In some cases, potential rate measurements and concentrations of intermediates. Relative abundances of microbial genes and transcripts.
Verification of processes in situ and measurement of stoichiometry. into building a model defines the quality and level of complexity of the results that come out of the model, and thus specific models can be tailored to particular questions encompassing cryptic interactions in the plankton. But, without field studies with sufficient spatial and temporal data coverage, no model will be sufficient to describe these processes. However, modelers do not necessarily need to wait for ecologists to collect empirical data for parameterization before they begin to explore how incorporating cryptic interactions into theoretical models may affect a model's output. For example, Ward and Follows (2016) developed a theoretical model that compared the transfer of carbon within a foodweb with strict autotrophs and heterotrophs to a foodweb with only mixotrophs. This model did not require any detailed quantitative data, but produced results that could be groundtruthed by the current understanding of the foodweb. Importantly, this study highlighted the types of data collection on mixotrophs that were further needed, specifically a more generalized understanding of the portion of mixotrophs within each plankton size group. Studies like Ward and Follows (2016) can help direct the focus of research done by ecologists and provide testable hypotheses for their projects. Moving forward, this back-and-forth approach between ecologists and modelers can be used to rapidly advance our understanding of the role of cryptic interactions in foodwebs.
Conclusions
Simplifications such as "zooplankton consume phytoplankton," "phytoplankton take up inorganic nutrients," "gross primary production determines the amount of carbon available to the foodweb," etc. have helped scientists explain and model general interactions in the aquatic environment. Traditional methods have focused on quantifying and qualifying these generalizations, but rapid advancements in genomics, sensor detection limits, experimental methods, and other technologies in recent years have shown our generalization of interactions within the plankton community may be too simple (Fig. 6 ). These enhancements in technology have exposed a number of interactions we consider cryptic because bulk sampling efforts and experimental methods are biased against them. Our understanding of these cryptic interactions within the plankton community has expanded to the point where ignoring some of these complexities in favor of generalizations results in large errors. Lack of data on an interaction does not mean that it is unimportant to the flow of material through the foodweb. Further examination of the cryptic interactions presented in this paper requires extra effort, time, and money. But these studies are necessary in order to understand the structure of the foodweb and its resulting effect on the transfer of nutrients and energy.
Ultimately, what is required to incorporate these cryptic interactions into foodweb and biogeochemical models is enhanced cooperation between ecologists and modelers and expanding the research of these interactions to a larger range of systems. As new technologies allow for a better understanding of the full impact of cryptic interactions throughout all aquatic systems, open communication between foodweb modelers and field scientists will insure appropriate data collection to model these interactions. It is important to start building cryptic interaction into models, but ecologists need to be confident they are supplying modelers with the data they need to accomplish this task.
